4
Kit (Epicentre) according to manufacturer's instructions. A-tails were added to blunt ended fragments during a 30 minute 37
• C incubation using Klenow 3'-5' exonuclease and dA-Tailing Buffer (New England Biolabs). Methylated NEXTflex DNA adapters (Bioo Scientific) were ligated via 16 hour, 16
• C incubation with T4 DNA ligase and ligation buffer (New England Biolabs). Postligation, samples underwent two clean up procedures and then were subject to bisulfite conversion using a MethylCode kit per manufacturer's instructions. Libraries were amplified with eight cycles of PCR using Kapa HiFi Uracil+ Hotstart (Kapa Biosystems).
MPB were mixed with samples at a volume ratio of 1.4:1 prior to adapter ligation and 1.0:1.0 post adapter ligation. To wash, MPB solution was mixed with samples by pipetting and left at room temperature for 10 minutes. After, samples were moved to magnet to isolate magnetic beads from solution. Supernatant was removed and beads were washed with two cycles of 80% ethanol. Samples were removed from magnets and DNA was eluted off beads into 10mM Tris-HCl pH 8.0. and left at room temperature for 10 minutes. Sequencing was performed on an Illumina NextSeq 500. Libraries were sequenced to 75 and 150 bp using the single-end format. The experimental material, conditions and sequencing approach are summarized in Table S1 .
Methylation maps and methylation diver-
gence in the MA lines 1 .2.1 Data preprocessing, alignment and copy removal MA1 1 consists of paired end sequenced data, while MA1 2, MA1 3 and MA2 3 consist of single end data (Table S2) . Adapters were removed and reads were quality trimmed based on a PHRED score of 5, using the standard features of the cutadapt tool version 1.2 [3] . Reads of less than 20 basepairs after preprocessing were removed from further analysis.
Bisulfite read alignment was performed by BS-Seeker 2 [4] , using bowtie 1.0.0 as short read aligner [5] . Reads were aligned to the TAIR10 genome [6] , allowing for a maximum of 4 mismatches per read. To counter PCR bias in library creation, only reads mapping to a unique first position in the genome were retained, one read was kept mapping to the same strand and same first 5' position. If reads with differing lengths mapped to the same first position and strand, the longest read was retained.
Methylation calling
For each sample we determined the bisulfite conversion rate using data from the unmethylated chloroplast chromosome. We calculated the bisulphite conversion 5 rate as:
where C ref .C read are the cytosines in the read sequence that were mapped to a cytosine in the reference (non-converted) and C ref .
T read are the thymine in the read sequence that were mapped to a cytosine in the reference (converted).
The conversion rates for each of the sequencing experiments are shown in Tables  S3, S4 , S5 and S6, and ranged from 96.828 to 99.965 (mean = 99.629). For the jth cytosine (c j ) we calculated the probability to be unmethylated based on the observation of k j methylated reads out of a total of n j reads. The probability that c j is unmethylated is given by the binomial probability mass function:
where R = 1 − BCR. Adjusting for multiple testing, c j was finally called as methylated (c m ) or unmethylated (c u ) based on a genome-wide P -value cutoff corresponding to a FDR [7] of 0.05. Since epi-heterozygotes (c m c u ) are difficult to call from these data, we assume that all detected c m correspond to epigenotype c m c m and all c u correspond to epigenotype c u c u . Later analysis will attempt to infer the genome-wide proportion of epi-heterzygote loci c m c u (see Section 1.3.3).
Consensus positions and methylation divergence
When epigenotyping multiple samples, experimental and technical variation resulted in differences in read coverage. When comparing individuals in a pedigree we only considered cytosines which were covered by more than three reads in all measured individuals. A coverage cutoff of more than three reads was used in previous methylome studies by Becker et al. [1] and Schmitz et al. [2] . Using more stringent coverage cutoffs yielded similar results (see section 1.3.5) . These positions will subsequently be referred to as consensus positions or consensus cytosines. In order to calculate the methylation divergence between every pair of lines, we compared the methylation status of every consensus cytosine between the pair. At every cytosine j we attributed a divergence d j = 0 if both cytosines had the same methylation status, and a divergence d j = 1 if their methylation status was different. The pairwise methylation divergence was calculated as the sum over the divergence at every consensus cytosine, divided by the total number of consensus cytosines
In the case where only a part of the genome was considered we computed the methylation divergence in the selected area as
where the positions j ∈ N correspond to the consensus cytosines in the selected region.
Removal of lines for robust estimates
Line 69 from the original Becker et al. [1] (MA1 1) and Schmitz et al. [2] (MA1 2) populations was removed in this analysis, as the authors observed an unusual high methylation divergence for this line compared to the other lines. Sequencing revealed that line 69 contained a mutation in MATERNAL EF-FECT EMBRYO ARREST57 (MEE57), possibly involved in cytosine methylation maintenance [1] . One plant of the 3 rd generation in MA1 1 also had unusually elevated CG divergence. This plant was considered an outlier and was removed from further analysis.
Annotation
We considered four annotations: gene, transposable element (TE), promoter and intergenic. Gene annotations were determined using positions identified as genes by TAIR10. TE annotations were identified using Quenesville annotations from TAIR [8] . Promoter annotations were identified as 1.5 kb upstream of the transcription start site of genes. Positions with no annotations on both strands were called intergenic. Positions with multiple annotations (on the same strand or opposite strand) were not considered in any annotation category. We assigned all consensus cytosines to their corresponding annotation.
Theoretical model
We modeled the methylation divergence between any two individuals in a pedigree using a Markov chain [9] [10] [11] [12] . Let c u and c m denote an unmethylated and a methylated cytosine, respectively, and α = Pr(c u → c m ) and β = Pr(c m → c u ) be the probabilities that a cytosine gains or loses methylation during or prior to gamete formation, which can include gains or losses of DNA methylation in somatic tissues from which the gametic cells were derived. We arbitrarily call α the forward and β the backward epimutation rate per generation per haploid methylome. In a diploid methylome, the gametes that can be produced from the three possible epigenotypes at a single cytosine, together with their probabilities, are:
This formulation does not account for higher order epimutation events, because such events are expected to be rare for small epimutation rates. The epigenotype frequencies at cytosine j in the MA population, π tj , after t generations of single seed descent can be expressed as:
where π 0j are the (unobserved) epigenotype frequencies at the founder plant, P is the eigenvector of matrix T and V is a diagonal matrix of the distinct eigenvalues of matrix T.
Epigenotype frequencies among MA lines at finite t and at equilibrium
Using Mathematica 10.0 (Wolfram Research, Inc.), we derived analytical solutions for the elements of π tj , which are functions of t, α, β as well as the initial frequency vector π 0j . Solutions are given by Eq. 8. At equilibrium, the π ∞j represent the expected epigenotype frequencies at cytosine j among the MA lines after a (hypothetical) infinite number of selfing generations (t = ∞). They were obtained by calculating lim t→∞ π tj :
π tj (c u c u ) = 2 −t−1
One can observe that, for any 0 < α, β < 1, these equilibrium solutions are independent of the initial epigenotype proportions π 0j at the common founder individual, therefore only the rates α and β determine the methylation frequencies at a given cytosine at equilibrium. In the absence of backward epimutations (β = 0) but in the presence of forward epimutations (α = 0), π ∞j (c u c u ) = π ∞j (c u c m ) = 0 and π ∞j (c m c m ) = 1, therefore all the MA lines would show
where
are the number of consensus methylated cytosines at G f .
Using similar arguments, the global (or total) DNA methylation divergence along the genome can be calculated as: Figure SI-1: For two different pairs (blue and green) of individuals in a pedigree, we depict the time of their most recent common founder t 0 = G f , the time of the first individual (t 1 ) and the time of the second individual (t 2 ) in the comparison. Both t 1 and t 2 are calculated from t 0 . In the case of t 1 and t 2 (green) this common ancestor is at time t 0 (green), and in the case of t 1 and t 2 (blue) this common ancestor is at time t 0 (blue). This means that t 1 and t 2 do not necessarily correspond to the generation time within the pedigree relative to the founder G0 of the pedigree.
One can calculate the number of c u c u , c u c m and c m c m consensus cytosines at the (unobserved) most recent common founder by using
where π 0 are the overall genome proportions of c u c u , c u c m and c m c m consensus cytosines at the (unobserved) founder of the pedigree, and N are the total number of consensus cytosines in the genome. We prefer to express the global methylation divergence as a proportion of all the cytosines, in which case:
Using the above derived equilibrium epigenotype frequencies, we can also calculate the expected DNA methylation divergence as t → ∞. Since the epigenotype frequencies at equilibrium are independent of the initial frequencies at locus j, we can calculate the equilibrium divergence as:
where N uu , N um and N mm are the number of consensus unmethylated, epiheterozygous and methylated cytosines in the genome of the founder of the pedigree. Hence
Estimation approach
We considered data from 4 MA pedigrees ( Figure 1a ) to obtain 4 sets of estimates of the model parameters. For every MA pedigree, the DNA methylomes of each line were determined at cytosine resolution (section 1.2.2). As outlined in section 1.2.3, we used the scoring matrix above to measure, empirically, the genome-wide divergence between any unique pair of individuals in a pedigree as the mean divergence over all considered consensus cytosines (Eq. 3). We then classified the cytosines according to their context (CG, CHH, CHG) and calculated the divergence per context (Eq. 4) between any pair ( Figure S3 ).
We further subdivided the CG context into different genome annotations (genes (CG-gene), transposable elements (CG-TE), promoters of genes (CG-promoter) and intergenic regions (CG-intergenic)), and calculated the methylation divergence per pair for a given annotation (Eq. 4) (Figure 1b) .
Since only CG methylation divergence accumulated over time ( Figure S3) , only model fits to context CG were of interest. We sought to obtain epimutation rate estimates for all CGs (CG-all) as well as for CGs in different annotation contexts (CG-gene, CG-TE, CG-promoter and CG-intergenic). In order to ensure that epimutation rate estimates for CG-all are representative of the whole genome and more comparable across MA datasets ( Figure S3 ), we randomly sub-sampled the consensus CGs (whithin each MA dataset) in such a way that they reflect the annotation proportion of the A. thaliana reference genome (TAIR 10). Because the total number of consensus cytosines is very large, the sampling error (i.e. standard error) arising from this sub-sampling procedure is negligible; and hence, sampling was only performed once. We denote the nonrepresentative set of consensus cytosines by CG-all † , and the representative set of consensus cytosines by CG-all. Table S2 reports the number of consensus cytosines corresponding to CG-all † and CG-all.
For each pedigree we had a number M of line comparisons and we denoted the observed methylation divergence between each of them as O G f ,t1t2i , with i = {1, 2, . . . , M }, and G f , t 1 and t 2 the times of and from the most recent common founder, respectively ( Figure SI-1) . We assumed that these observations were generated from the proposed epimutation model but contained some unknown measurement error. Hence, we had
where c is the intercept, D * G f ,t1t2 is the theoretical global divergence measure introduced above, which is a function of α and β as well as N uu , N um and N mm , and is a random measurement error term. For the MA1 1 population the value of c was approximated using the methylation divergence between technical replicates. For the other three populations no technical replicates were available and c was estimated along with the other parameters ( Figure S9) . To obtain values for the (unobserved) number of methylated, unmethylated and epi-heterozygous consensus cytosines in the genome of the common founder of each pedigree (N mm , N uu and N mu ), we assumed the methylome of A. thaliana to be at equilibrium. We then measured the number of consensus cytosines that had been called as methylated (n mm k ) and unmethylated (n uu k ) at every plant k in the pedigree (section 1.2.2). Calling epi-heterozygotes is difficult as they typically manifest as an intermediate methylation signal, and counts for epiheterozygous loci are included in n mm . Hence, we assumed that an unknown fraction γ of the total n mm were actually epi-heterozygous. We defined
where n is the total number of sequenced plants in a pedigree and γ is the proportion of epi-heterozygous cytosines that have been called as methylated.
The parameter γ was estimated along with α, β and c. To obtain parameter estimates we sought to minimize
Minimizing r 2 is a problem in non-linear regression. This involves finding solutions to ∇r 2 (α, β, γ, c) = 0, which can be obtained numerically. Since we assumed the A. thaliana genome to be at equilibrium, we searched for solutions such that the equilibrium proportions of methylated and unmethylated cytosines were in the following ranges:
The values of α and β can potentially be very low. Hence, in order to minimize r 2 , we performed an extensive grid search over the values of α, β, γ and (when needed) c (2212 points both for the grids of α and β (range 10 −11 − 10 −2 ), 452 points for the grid of γ (range 10 −7 − 0.999) and 218 points for the grid of c (range 10 −10 − 0.2)). The minimization procedure was carried out in C++. The values for the estimates in every MA population, for CG context in every different annotation, are reported in Table S7 .
Effect of heterozygosity in the founder
We assume that the methylome of the common founder plant consists of a proportion π c u c m = γN mm /N of epiheterozygote cytosines. Following Mendelian segregation these epiheterozygotes will become fixed in approximately 8 generations of selfing: if we fix the epimutation rates to zero, then at every new selfing generation 1/2 of epiheterozygotes will remain epiheterozygote, while 1/4 will become homozygous c m c m and 1/4 will become homozygous c u c u . These dynamics can be seen in the methylation divergence line ( Figure 1b) as a non-linear increase at the initial ∼ 8 generations of selfing. As expected, the non-linearity is more pronounced for the MA populations for which our estimated proportion of epiheterozygote cytosines in the common founder is larger (MA1 1 and MA1 2).
Due to the residual epimutation events the absorption proportions are very close to, but not exactly equal to, 1/2, 1/4, 1/4 (Eq. 5), but the non-linear signature in the methylation divergence line can still be seen. With non-zero epimutation rates the states c u c u and c m c m are non absorbing, therefore the system will always contain a proportion of epiheterozygote cytosines even at fixation (Eq. 7).
Evaluation of coverage cutoffs on epimutation rate estimates
We evaluated whether more stringent coverage cutoffs would affect our epimutation rate estimates. We reanalyzed all the data using cutoffs >4, >5, >6, · · · , >8. As Figures S1 and S2 show, more stringent cutoffs had negligable impact, yielding very similar CG-methylation divergence patterns over generation time, and resulted in nearly identical epimutation rates.
Simulation study
We evaluated the performance of our estimation procedure using extensive simulations. We generated 10 pedigrees of the form of MA1 1 as well as 10 pedigrees of the form MA1 3. The simulations took the following steps:
• Simulation of founder methylome: We simulated the methylome of the MA founder plant in accordance with the size, sequence composition and methylation content of the A. thaliana genome.
• Induction of random epimutations according to known forwardbackward rates: We moved along the genome from cytosine to cytosine, and changed every methylated cytosine (c m ) to its unmethylated form (c u ) with fixed probability β following a Bernoulli random process. Similarly, we changed every unmethylated cytosine (c u ) to its methylated form (c m ) with fixed probability α.
• Generation of recombinant gametes and next generation zygotes:
For chromosome i we drew a random number of breakpoints B i from a Poisson distribution of the form
where k = 1, 2, · · · , n and the constant 3/2 is the number of recombination events typically observed on an A. thaliana chromosome. We placed the B i random breakpoints uniformally between the start and the stop basepair positions of chromosome i. Hence, for simplicity, this approach assumes no crossover interference. Homologous chromosomal segments were swapped inbetween breakpoints to obtain recombinant gametic products. Random (haploid) gametes were jointed to produce the zygote of the next generation. In accordance with the MA experimental design, we generated two siblings at each generation: one sibling was used for (in silico)BS-seq measurements and the other sibling was propogated by selfing to obtain the next generation.
• Final pedigrees: The two previous steps were iterated along the seperate branches of the pedigree until the final MA generation was obtained.
• Distance matrices and measurement error: Using the (in silico) BSseq measurements at the sampled generation times, we created distance matrices using the same protocol as in the analysis of the real data (see Section 1.3.2). Keeping with notation introduced in (Eq. 11), the ith entry of this matrix is given D * G f ,t1t2i . We generated random error around these distance measures using the following model
where c was fixed to the value obtained from the data of Becker et al. [1] and
The normality assumption for was justified based on careful inspection of the estimated error distribution in the data of Becker et al. [1] as well as the data of pedigree MA1 3. To assess the robustness of our estimation approach, we simulated a range of error variances σ 2 i , 1.5×σ
is the error variance estimated in the real data of Becker et al. [1] or in the real data of pedigree MA1 3.
• Estimation procedure: The simulated values O G f ,t1t2i served as input for estimating forward-backward epimutation rates as described in Section 1.3.3.
• Results: Figure S10b shows that the simulated data produces realistic divergence patterns. Figure S10a summarizes our parameter estimates from the simulated data. We find that the unknown parameters α and β are estimated very well, even when measurement error exceeds the observed measurement error in the real data.
Expected CG methylation divergence genomewide
Since the CG epimutation rates are annotation-specific we expected that the genome-wide CG methylation divergence patterns would closely track the an-notation density along the genome. In order to test this we calculated the expected CG methylation divergence for 1 Mb windows along the genome (step size: 100 kb), with the goal to compare this result with the observed CG methylation divergence per window. For this analysis we considered only pairs of lines that had been independently propagated for 31 generations (i.e. t 0 = G0 = 0, t 1 = 31, t 2 = 31) from the MA populations MA1 1 and MA1 2, since these are the pairs that had diverged from each other for the longest time.
For every 1 Mb window (step size: 100 kb) we calculated the proportion of consensus CG cytosines in every annotation (p g , p TE , p in and p pr , where g stands for genes, TE for transposable elements, in for intergenic and pr for promoter). We only considered CGs with one annotation category (no overlap with multiple annotations). The expected window-methylation-divergence is given by
where D * h G0,t1=31,t2=31 is the annotation specific methylation divergence for annotation h, with the most common founder being the founder of the pedigree G 0 , and with t 1 = t 2 = 31 (Eq. 11), calculated using the epimutation rates from Table S7 for the populations MA1 1 and MA1 2. The expected methylation divergence over all pairs of individuals is depicted in Figure 2b in red. As expected, the methylation divergence was low in TE-rich pericentromeric regions and high in gene-rich arms.
We compared the expected methylation divergence values to the measured methylation divergence per window, calculated as the sum of the methylation divergence for every consensus cytosine in one window, divided by the number of consensus cytosines in the window (section 1.2.3, Eq. 4). In Figure 2b we present the average observed divergence over all pairs (brown line) together with its range (brown area). The observed CG methylation divergence among the 31st generation MA lines tracks the expected divergence (red line) genome-wide very well.
Correlation between divergence and read coverage
We calculated the mean CG coverage for the consensus CGs of the 31st generation MA lines for each genomic window (size: 1 Mb; step size: 100 kb) in order to test whether CG read coverage was a good predictor of the observed CG methylation divergence among the 31st generation MA lines. We fitted a linear model for both pericentromeric and chromosomal arm windows:
where y i is the average of the observed CG methylation divergence in window i and x i is the mean CG coverage of the consensus CGs of the 31st generation MA lines. The results ( Figure S6) show that less than 2% of the genome-wide CG methylation divergence could be explained by the genome-wide read coverage of consensus CGs (genome-wide) (weighted R 2 = ((1.89 · 10 −2 , 5.70 · 10 −3 , 0.106, 3.76 · 10 −3 , 4.62 · 10 −2 , 7.82 · 10 −2 ) for (all chromosomes, chromosomes 1 -5), respectively) indicating that the contribution of CG read coverage to the observed CG methylation divergence of the 31st generation MA lines is minimal.
Expected CG methylation divergence genome-wide accounting for heterochromatic domains
We tested whether accounting for chromatin structure provided a correlation between expected and observed divergence patterns genome-wide. To that end, we re-analyzed ChIP-seq data for the histone variant H2A.W, that has been shown to mark regions of heterochromatin in A. thaliana [13] . We obtained epimutation rate estimates per annotation for presence / absence of this epigenetic mark and correlated the new expected CG methylation divergence profiles with the observed ones.
Detection of heterochromatic domains
Histone variant H2A.W was used as marker for heterochromatin as described in [13] . The data with accession number GSM1232780 was downloaded and reads aligned to the TAIR10 reference genome using bowtie-1.1.1 [5] , allowing up to 2 mismatches and keeping only uniquely aligned reads (parameters: bowtie -n 2 -m 1). Duplicate reads were removed with samtools [14] .
We binned the genome into 200 bp non-overlapping windows and counted the number of reads that mapped in each bin [15] . We assumed that bins with high number of reads corresponded to enriched regions, while bins with a low number of reads corresponded to non-enriched regions. To classify the bins in that way we used a Hidden Markov Model. We modeled the emission density for the unmodified (U) state as a zero-inflated negative binomial distribution
and the emission density for the modified (M) state as a negative binomial distribution
where x is the number of reads in one bin, r and p are the probability and the dispersion parameter of the negative binomial distribution, respectively, Γ is the gamma function, I x=0 is an indicator function (delta function) and β is the inflation parameter for zero counts.
To improve computational efficiency we split the zero inflated negative binomial distribution into the zero-inflated component (delta-distribution) and the negative binomial component, and we used them as different emission probabilities corresponding to two different hidden states (zero-reads state, low-reads state). We used the Baum-Welch algorithm [16] to obtain parameter estimates for these 3 distributions (zero-reads state, low-reads state, modified state), and we used the forward-backward [17] algorithm to calculate, at every bin, the probability of belonging to every one of the states. We called a bin modified if the calculated probability of it being modified was larger than 0.5, and unmodified otherwise. Consecutive bins that were labeled as enriched were merged to produce a genomic map of enriched regions.
Epimutation rates per annotation in H2A.W enriched and non-enriched domains
We subdivided the consensus CGs into two categories: H2A.W-enriched and H2A.W-non-enriched. We calculated the CG methylation divergence between pairs in populations MA1 1 and MA1 2 as described in section (section 1.2.3) separately for every new category.
We estimated the expected epimutation rates for every category. Following the same procedure as in section 1.3.3, we obtained estimates for α, β, γ and (in population MA1 2) c by minimizing
where a = {CG H2A.W-enriched, CG H2A.W-non-enriched}. The minimization procedure was done as described in section 1.3.3.
Genome-wide methylation divergence
We calculated the expected CG methylation divergence per 1 Mb window (step size 100 kb) for individuals at the 31st generation from MA1 1 and MA1 2. For every window we calculated the proportion of consensus cytosines with H2A.W enrichment, and calculated the overall window divergence as
where D * a G0,t1=31,t2=31 is the specific genome-wide methylation divergence for enrichment status a, with the most common founder being the founder of the pedigree G 0 , and t 1 = t 2 = 31 (Eq. 11), and with epimutation rates estimated in the section above. The averaged expected methylation divergence over all pairs of individuals is depicted in Figure S5b in green. The correlation between expected and observed methylation divergence is R 2 = 0.72 (p < 0.0001).
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1.6 CG methylation divergence and sequence diversity among natural accessions
CG methylation divergence
We reanalyzed 140 natural accessions from Schmitz et al. [18] for which MethylCseq data was available ( Table S8 ). The MethylC-seq data was downloaded from NCBI GEO (GSE43857). Both leaf and mixed stage inflorescence tissue (i.e. bud) were used for MethylC-seq. The authors showed that accessions were grouped by their genotype and not their tissue type when clustering was based on the methylation levels of CG-DMRs or C-DMRs. The opposite was observed when clustering was performed using RNA-seq data. The authors concluded that DNA methylation is less dynamic than gene expression patterns and only plays a minor role in stages of development or cell types. We therefore decided to use the data from both tissues.
For the analysis of the CG methylation divergence we only selected CG cytosines which were present in the reference genome (not CGs which are a result of SNPs) and that had a coverage of larger than three reads (same as for the MA lines section 1.2.3). If both leaf and bud data were available for a given accession we chose the dataset with the highest number of covered CGs (reference CGs with coverage of larger than three). Among the 140 accessions we selected 133 accessions with the highest number of covered CGs (we excluded seven accessions with a low number of covered CGs; 5% of total; Table S8 ).
For every 1 Mb window in the genome (step size 100 kb) we calculated the CG methylation divergence between pairs of accessions in a similar way as we did for pairs of MA individuals (section 1.2.3). However, we did not require the consensus cytosines to have sufficient coverage in all the accessions, as this would lead to a very small number of selected positions. Instead, we only required that the selected cytosines had enough coverage for every individual in the pair. Therefore, for each pair of accessions and each window in the genome we calculated the proportion of CGs which are differentially methylated, based on the consensus positions between the pair. Subsequently, the average divergence per window was calculated as the mean proportion of differentially methylated CGs among all pairs of accessions (8778 pairs in total). 
Sequence divergence
In order to determine the sequence divergence between these natural accessions we considered the genomic sequences of 129 of these accessions ( In order to explore the relationship between the observed divergence in the natural accessions and the observed divergence in the MA lines (for MA1 1 and MA1 2, comparisons at t 0 = 0, t 1 = 31, t 2 = 31) we used regression analysis. The windows in the pericentromeric regions show a clear non-linear (quadratic) relation, whereas the windows located in the chromosomal arms show a linear relation ( Figure S7 ). We therefore fitted a linear regression model for the windows that are located within chromosomal arms:
and a quadratic model for the windows located within pericentromeric regions:
where y i is the average of the observed methylation divergence in window i in the natural accessions, and x i is the average of the observed methylation divergence in window i for the MA lines. generation MA lines, we used regression analysis. We fitted a linear model for the windows that are located within chromosomal arms:
where y i is the average of the sequence divergence (Eq. 22) in window i in the natural accessions, and x i is the average of the observed methylation divergence in window i for the MA lines.
Results show that the CG methylation divergence among the MA lines correlates moderately with the sequencing divergence among the natural accessions ( Figure S8 ). About 25% of the sequence divergence among the natural accessions could be explained by the CG methylation divergence among the 31st generation MA lines across the genome (weighted R 2 = (0.254, 0.540, 0.566, 0.102, 0.246, 0.283) for (all chromosomes, chromosomes 1 -5), respectively).
Uncoupling of epigenetic from genetic variation
We consider a simple determistic single-locus model with sequence alleles A and B. Either allele can be in two epiallelic states: it can either be unmethylated u or methylated m. Hence, there are 10 possible genotype-epigenotype associations
We define the following epimutation events:
, implying that epimutations are not allele-specific. For simplicity we suppose that sequence mutations of the form A B are absent. In a strictly selfing system without selection or drift, changes in genotype-epigenotype associations are driven entirely by forward-backward epimuation events. We model this processes using a non-absorbing Markov chain with 10 states and transition matrix T given by Eq. 29. We start from the most extreme scenario where allele A is associated with epiallele u and allele B with epiallele m at t = 0. Hence, in this scenario, DNA sequence variation is completely confounded with epigenetic variation, so that the initial genotype-epigenotype frequencies are
Frequency changes over generation time are given by
In order to calculate the correlation between genetic (G) and epigenetic (EG) variation as a function of generation time, we score genotypes and epigenotypes using the following values:
genotype value epigenotype value
We calculated the correlation as a function of generation time, α and β using the formula
,
Analytical solutions for ρ G,EG exist but have no easy form and are therefore omitted here. Figure 2e plots the correlation between genetic and epigenetic variation for different values of the epimutation rates α and β. Because of the initial proportions (Eq. 27), the correlation is always maximized at t = 0 . For the epimutation rates estimated in the MA populations (corresponding to the blue line in Figure 2e ), our model predicts that the correlation between genetic and epigenetic variation would drop below 0.5 in only 828 generations of selfing, and below 0.1 in 2737 generations of selfing. This breakdown is expected to be even faster in outbreeding systems. where 0 ≤ w ≤ 1. Further, we suppose that epialleles can be subject to forward epimutations (α = P r(c u → c m )) as well as backward epimutations (α = P r(c m → c u )). Hence, the epigenetic composition of the population at time t + 1 is determined both by the relative fitness of the epigenotypes as well as by forward-backward epimutation rates. In a strictly selfing system, the epigenotype frequencies follow the recursion
Effects of selection on epialleles
where w is the mean fitness in the population at time t. The equilibrium frequencies of each epigenotype can be derived by calculating π ∞ = lim t→∞ π t , where
). These solutions exist in symbolic form but are too complex to be shown here. The equilibrium epigenotype frequencies are the result of epimutation-selection balance, so that for w = 1 (i.e. no selection) we obtain the equlibrium frequencies given by Eq. 7. ).This suggests that CG-type epialleles are expected to respond effectively to selection provided they affect fitness. Moreover, it is intuitively obvious that the unfavored epigenotype c u c u will never get purged from the population, even for very small values for α and β or for very high selection pressures (i.e. small w), as backward epimutations (c m → c u ) will continually produce unfavorable epiallele c u . Using more complex population genetic models, Charlesworth and Jain [19] showed that for relatively high forward-backward rates (in the order of 10 −2 ) unfavorable epialleles will persist in populations at intermediate frequencies even in the presence of very strong selection. With the forward-backward rates reported in our study unfavorable epialleles are expected to be rather rare. Figure S9 : Estimated experimental error, CG methylation divergence between technical replicates and CG methylation divergence between siblings of pedigree MA1_1: The estimated experimental error is similar to the divergence between technical replicates and the divergence between siblings. The CG methylation divergence between technical replicates is however based on only two data points. Only two lines of this pedigree have a technical replicate (see Figure 1a) . x times the standard deviation of the measurement error observed in MA1_3 Table S1 MA study Table S2   Table S2 : Sequencing and mapping summary of MA lines analyzed in this study: Reported are the sequencing specifications, the mapping statistics and the number of consensus CGs used for the analysis (i.e. CGs covered by at least four reads in all individuals of the pedigree). Consensus stands for all consensus CGs (CG-all †), while R-Con. Stands for consensus CGs that are representative of the genome (CG-all). With gray is indicated to which annotation category the reference consensus CGs were scaled (lowest consensus to reference ratio). The four annotation categories at the bottom are combinations of the non-overlapping annotation categories (e.g. a TE can be located inside a promoter of a gene). When non of the three annotation categories (gene, TE or promoter) were overlapping a CG the CG was classified as intergenic. Table S7   Table S7 : Forward epimutation rate, backward epimutation rate, expected number of epiheterozygots at the founder and estimated experimental error per experiment and per context. For CG-all the values were determined twice. One time using all consensus CGs for the analysis (CG-all †) and one time using a sample with the same annotation proportions as the TAIR 10 reference genome (CG-all). When indicated with *, the value is calculated taking only MA1_1 and MA1_2 into account. Table S8   Table S8 : Selection of natural accessions and number of reference CGs with sufficient coverage: Listed are the 140 accessions for which MethylC-seq data was available (Schmitz et al. 2013 ). Seven accessions with the lowest number of reference CGs with sufficient coverage (>= 4) were excluded from the analysis (top left, 5% of total). Light gray rectangles indicate accessions that were not used in the analysis of sequence divergence.
